Abstract: Rainfall data at fine spatial resolutions are often required for various studies in hydrology and water resources. However, such data are not widely available, as their collection is normally expensive and time-consuming. A common practice to obtain fine-spatial-resolution rainfall data is to employ interpolation schemes to derive them based on data available at nearby locations. Such interpolation schemes are generally based on rainfall correlation or distance between stations. The present study proposes a combined rainfall correlation-spatial scale-correlation threshold method for representing spatial rainfall variability. The method is applied to monthly rainfall data at a resolution of 0.25 • × 0.25 • latitude/longitude across Australia, available from the Tropical Rainfall Measuring Mission (TRMM 3B43 version). The results indicate that rainfall dynamics in northern and northeastern Australia have far greater spatial correlations when compared to the other regions, especially in southern and southeastern Australia, suggesting that tropical climates generally have greater spatial rainfall correlations when compared to temperate, oceanic, and continental climates, subject to other influencing factors. The implications of the outcomes for rainfall data interpolation and the rain gauge monitoring network are also discussed, especially based on results obtained for ten major cities in Australia.
Introduction
Rainfall data at fine spatial (and temporal) resolutions are crucial for a variety of studies in hydrology and water resources, including for flow/flood forecasting, soil erosion estimation, and water quality modeling, among others. However, fine-resolution spatial rainfall data are not widely available in many parts of the world, especially in developing and under-developed regions. An important reason for this is that installing rain gauges at fine spatial resolutions is costly and time-consuming. Although recent advances in remote sensing technology (e.g., satellites, radars) have facilitated hydrometeorologic measurements at fine resolutions, such measurements still require the "ground truth" (e.g., rain gauge data) for deriving rainfall values and, hence, rainfall estimation is subject to a wide range of uncertainties.
In the absence of rainfall measurements at fine spatial resolutions, studies normally resort to interpolation schemes for obtaining rainfall at such resolutions based on rainfall measurements Hydrology 2019, 6, 11 2 of 15 available at one or more nearby locations. The last century has witnessed numerous studies on spatial rainfall variability, rain gauge monitoring network design, development and applications of rainfall interpolation methods, and the associated uncertainties [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] .
The above studies have significantly advanced our understanding of spatial (and temporal) rainfall variability and our ability to estimate rainfall at fine spatial resolutions. Although estimation of rainfall at fine spatial (and temporal) resolutions continues to be tremendously challenging, thanks to the vagaries of its dynamics, these studies and their outcomes certainly provide important insights into potential areas for further improvements. The availability of new/better rainfall measurement technology and more advanced scientific concepts also provides additional opportunities to advance research. For instance, (1) more accurate estimation of rainfall at certain scales is now possible through merging satellite/radar products and rain gauge measurements [15] [16] [17] [18] ; and (2) renewed and fresh insights into theories of complexity, nonlinear dynamics, scaling, and pattern recognition offer new avenues for studying the dynamics of rainfall [10, [19] [20] [21] [22] .
Despite these advances in studying the spatial (and temporal) variability of rainfall, some important issues in the existing approaches still remain. For instance, (1) geographically nearby points are generally assumed to be more correlated (and connected) than distant points; (2) correlation between points is often the basis for assessing connectedness, with only limited consideration for scale, threshold, etc.; and (3) smoothing of data often takes priority in estimation at ungauged locations. All of these factors lead to various uncertainties in rainfall estimation.
We attempt to address these issues in the present study, with Australia as a case study area. More specifically, we propose an approach that combines rainfall correlation, spatial scale, and correlation threshold. In doing so, we also take advantage of the availability of rainfall data at equal spatial resolutions (grids), rather than just using the rainfall data from ground-based rain gauges. Here, we consider the TRMM 3B43 dataset, which is a combined product of rainfall observed through TRMM (Tropical Rainfall Measuring Mission) and other satellites as well as gridded rain gauge data [23, 24] . We consider (1) different spatial scales to assess if and how rainfall correlations vary with scale and (2) different correlation thresholds to evaluate if and how rainfall correlations vary with respect to threshold.
The rest of this paper is organized as follows: In Section 2, the methodology used for calculating spatial rainfall correlations with respect to scale and threshold is described. In Section 3, details of the study area and data considered are reported. Section 4 presents the analysis and results for Australia-wide data and also for ten major cities. Section 5 offers some implications of the results and scope for further research. Figure 1 presents a simplified schematic representation of the spatial rainfall variability and estimation problem, studied here. The figure shows that a given area can be represented by a number of equal-size (or unequal) cells ("grids"). Given that rainfall data are available for all/some grids ("gauged grids"), the problem then is (1) to assess the spatial rainfall variability in the area and (2) to derive rainfall data for the other grids ("ungauged grids"), based on some criteria. In this study, we address the first problem and propose a method that combines three different properties relevant to spatial rainfall variability: rainfall correlation ("similarity"), spatial scale ("neighborhood"), and correlation threshold ("significance"). The method is explained next. Let us consider any particular grid, denoted by i, in the study area, as shown in Figure 1 . The grid i will have a certain number of "neighborhood" grids, denoted by j. The number of neighborhood grids will vary depending upon both the "location" of the grid i and the "spatial extent" (or size) of the neighborhood (e.g., the larger the scale of the neighborhood, the greater the number of grids). If there is only one neighborhood grid, the rainfall correlation between grids i and j (i.e., Ci,j) is simply given by
Methodology
where Ri and Rj are the rainfall values (as a time series) at grids i and j, respectively. Equation (1) can be extended or generalized to any number of neighborhood grids j = 1, 2, 3, …, N − 1, where N is the total number of grids (including grid i) within the spatial extent of the neighborhood considered. The spatial extent of the neighborhood and, thus, the number of neighborhood grids can be chosen in various ways, ranging from a careful consideration of the hydroclimatic, topographic, and other properties to a purely arbitrary manner. Here, we adopt the idea of "scale" for choosing the number of neighborhood grids. A particular advantage of this idea is that it maintains, for a given scale, an equal number of grids in all directions with respect to grid i. The use of scale is also highly appropriate for equal-size grid-based data, such as those provided by TRMM.
With this, our analysis of spatial rainfall involves increasing (or decreasing) the scale of the neighborhood of grid i and evaluating its effects on rainfall correlations between grid i and respective grids j. We call these different scales "box sizes" or "window sizes" (n). For any grid i, we first consider different box sizes corresponding to different numbers of neighborhood grids (n = 1, 2, 3, and so on), but equal in all directions for any given number; for illustration, box sizes of 1 (with total number of grids N = 9, including grid i), 2 (25 grids), and 3 (49 grids), are shown in Figure 1 . For such a grid i, we then calculate the rainfall correlations Ci,j for all grids j in the respective box sizes. Let us consider any particular grid, denoted by i, in the study area, as shown in Figure 1 . The grid i will have a certain number of "neighborhood" grids, denoted by j. The number of neighborhood grids will vary depending upon both the "location" of the grid i and the "spatial extent" (or size) of the neighborhood (e.g., the larger the scale of the neighborhood, the greater the number of grids). If there is only one neighborhood grid, the rainfall correlation between grids i and j (i.e., C i,j ) is simply given by
where R i and R j are the rainfall values (as a time series) at grids i and j, respectively. Equation (1) can be extended or generalized to any number of neighborhood grids j = 1, 2, 3, . . . , N − 1, where N is the total number of grids (including grid i) within the spatial extent of the neighborhood considered. The spatial extent of the neighborhood and, thus, the number of neighborhood grids can be chosen in various ways, ranging from a careful consideration of the hydroclimatic, topographic, and other properties to a purely arbitrary manner. Here, we adopt the idea of "scale" for choosing the number of neighborhood grids. A particular advantage of this idea is that it maintains, for a given scale, an equal number of grids in all directions with respect to grid i. The use of scale is also highly appropriate for equal-size grid-based data, such as those provided by TRMM.
With this, our analysis of spatial rainfall involves increasing (or decreasing) the scale of the neighborhood of grid i and evaluating its effects on rainfall correlations between grid i and respective grids j. We call these different scales "box sizes" or "window sizes" (n). For any grid i, we first consider different box sizes corresponding to different numbers of neighborhood grids (n = 1, 2, 3, and so on), but equal in all directions for any given number; for illustration, box sizes of 1 (with total number of grids N = 9, including grid i), 2 (25 grids), and 3 (49 grids), are shown in Figure 1 . For such a grid i, we then calculate the rainfall correlations C i,j for all grids j in the respective box sizes. Based on these correlations, we determine the number of grids N having correlations greater than a prespecified threshold value (T) (where 0 ≤ T ≤ 1.0), and express it as a percentage of the total number of grids j for the respective box sizes (i.e., N − 1 grids in the respective box), as follows:
where PC i,n is the percentage of grids for which the correlation is greater than threshold T. The procedure is repeated for each of the other grids.
Study Area and Data
In this study, spatial rainfall variability in Australia (see Figure 2 ) is studied. Australia's climate and, hence, rainfall dynamics are significantly influenced by the hydroclimatic mechanisms that occur in the surrounding oceans. For instance, the El-Niño Southern Oscillation (ENSO), the western Pacific and Indian Ocean sea surface temperatures (SST), and the Southern Ocean atmospheric variability have varying degrees of influence on different regions of the country [25] . The climate varies from tropical in the north to arid (or desert) in the middle to temperate in the south; see Figure 2 for the climate division of Australia according to the Köppen climate classification and its modification [26, 27] . Consequently, rainfall is highly variable in space (and time), and a large part of the country (especially the middle and the west) is dry. More than 80% of the country gets an annual rainfall of less than 600 mm, but the tropical region of the far north receives over 4000 mm. Based on these correlations, we determine the number of grids N′ having correlations greater than a prespecified threshold value (T) (where 0 ≤ T ≤ 1.0), and express it as a percentage of the total number of grids j for the respective box sizes (i.e., N − 1 grids in the respective box), as follows:
where PCi,n is the percentage of grids for which the correlation is greater than threshold T. The procedure is repeated for each of the other grids.
In this study, spatial rainfall variability in Australia (see Figure 2 ) is studied. Australia's climate and, hence, rainfall dynamics are significantly influenced by the hydroclimatic mechanisms that occur in the surrounding oceans. For instance, the El-Niño Southern Oscillation (ENSO), the western Pacific and Indian Ocean sea surface temperatures (SST), and the Southern Ocean atmospheric variability have varying degrees of influence on different regions of the country [25] . The climate varies from tropical in the north to arid (or desert) in the middle to temperate in the south; see Figure  2 for the climate division of Australia according to the Köppen climate classification and its modification [26, 27] . Consequently, rainfall is highly variable in space (and time), and a large part of the country (especially the middle and the west) is dry. More than 80% of the country gets an annual rainfall of less than 600 mm, but the tropical region of the far north receives over 4000 mm. Rainfall in Australia is mainly monitored by the Australian Bureau of Meteorology (BoM) using the thousands of rain gauges installed in different parts of the country; see Jeffrey et al. [28] for the locations of rain gauge stations in Australia. A large majority of these gauges covers only small regions, such as near the coasts of east, southeast, and southwest Australia, where much of the population is concentrated (in and around big cities). The number of rain gauges in the interior, which is largely desert and very sparsely populated, is very few. As for record length, some rain gauge stations have records for over 100 years, but some others have records for much shorter periods; in some stations, recording has already ended. A number of studies have studied the Australian rainfall data produced by the BoM and those derived based on them [10, 17, 22, 24, [28] [29] [30] [31] .
The launch of the Tropical Rainfall Measuring Mission (TRMM), a combined mission by the National Aeronautics and Space Administration (NASA) of the United States and the Japanese Aerospace Agency (JAXA), with an aim to measure tropical rainfall from space with combined passive and active microwave instruments [23] , has allowed rainfall measurements at finer spatial (and temporal) resolutions across Australia (and other regions). The TRMM rainfall products are available at different levels of processing and also at different versions that reflect the improvements in the estimation algorithm since their launch [23, 32] ). Several studies have assessed the accuracy and uncertainties in TRMM rainfall data by comparing them with rain gauge (and other means of) observations in different regions around the world [13, [32] [33] [34] [35] [36] . Some efforts have also been made to merge the TRMM rainfall data with rain gauge observations [15] [16] [17] 37] , including for Australia. Despite their uncertainties, the TRMM rainfall products have been used in many hydrologic applications [38] [39] [40] . Extensive details of the accuracy, uncertainties, merging, and use of the TRMM data are already available in the above studies (and in others) and, therefore, are not reported herein.
The rainfall data used in this study are from the TRMM 3B43 version. This version is a combined product of rainfall observed through TRMM and other satellites and gridded rain gauge data [23] . The rainfall data are available at a spatial resolution of 0.25 • × 0.25 • latitude/longitude and at the monthly scale. The data used here cover the period 1998-2007, the same period of data used in Woldemeskel et al. [17] in their effort to merge gauge and satellite rainfall with due consideration to the specification of uncertainty across Australia. In their study, Woldemeskel et al. [17] compared the TRMM data with high-quality rainfall data from 230 rain gauges across Australia. They found that the TRMM rainfall generally agreed with the rain gauge observations for much of Australia. Significant differences in statistical properties between the TRMM data and the ground rain gauge data were observed for only about 10% of the stations. It should be noted, however, that these stations are mainly located in the coastal areas where the rain gauge density is generally higher, but not in the interior regions where the rain gauge density is lower. This seems to imply that regions with low-density ground level rain gauges are not necessarily more vulnerable (than regions with high-density rain gauges) when it comes to uncertainties in TRMM rainfall data. Therefore, it may be reasonable to use the TRMM data for analysis even in regions where the rain gauge density is lower, such as in the interior of Australia. Nevertheless, despite its generally reliable nature, the TRMM 3B43 data set still has its own uncertainties due to various factors, including errors in remotely sensed data, ground-based data, and methodology in merging. Addressing this issue is beyond the scope of the present study. On the other hand, there exist even newer and better rainfall products, such as those from the Global Precipitation Measurement (GPM) mission, which may also be used in studies such as this. We will consider this in the future.
Analysis, Results, and Discussion

Analysis
We perform the analysis for all the 0.25 • × 0.25 • latitude/longitude grids across Australia. Recognizing (including through a preliminary analysis) that very small differences in distances (e.g., box sizes) do not significantly change the rainfall variability and also that far-off grids have almost no rainfall correlations (see below for details), we choose only a limited number of box sizes (n) for analysis (23, to be precise) to save time and computational resources. The box sizes we consider are n = 1 (3 × 3 = 9 grids), 2 (5 × 5 = 25 grids), 4, 6, 8, 10, 12, 14, 16, 18, 20, 22, 24, 26, 28, 30, 32, 34, 36, 38 40, 42 , and 44 (89 × 89 = 7921 grids). According to these, the distances considered for calculations vary from about 38 km to 1730 km, with approximately 80 km difference between every n considered (except between n = 1 and n = 2, in which case the distance is about 40 km). Further, to be consistent in the distance covered for all grids (on land), we also use data observed at relevant grids in the surrounding oceans on all sides (although this attempt is not completely successful, since data are not available beyond 50 • S latitude). As for the threshold value (T), there is no definitive guideline for its selection. Here, we consider four different rainfall correlation thresholds: 0.5, 0.6, 0.7, and 0.8. The selection of these threshold values is largely based on our knowledge and experience with rainfall studies based on the concepts of complex networks [10, 22, 41] . We believe that this range of threshold values (0.5-0.8) is appropriate for monthly rainfall data, since most grids may have correlations exceeding 0.5, while only a very few grids may have correlations greater than 0.8. Therefore, selection of 0.5-0.8 will be more efficient and effective in the implementation of the study.
We find that the Australia-wide 0.25 • × 0.25 • grid analysis indeed provides some interesting results and interpretations on spatial rainfall variability against scale and correlation threshold. However, such are basically very general observations over a large region. Considering that rainfall dynamics in different regions in Australia are influenced by different hydroclimatic and topographic factors, it will be certainly more meaningful to study smaller regions for better interpretations. The fact that a majority of Australia's population lives in a few major cities also emphasizes the need to study such areas. In view of these factors, we start with a brief presentation of the results for Australia-wide grids and then, on the basis of such results, discuss the results for ten major cities (i.e., ten different 0.25 • × 0.25 • grids in which the ten cities are situated) across Australia: Sydney, Melbourne, Brisbane, Perth, Cairns, Darwin, Hobart, Alice Springs, Adelaide, and Canberra (see Figure 2 for locations). The climates in these cities, according to the modified Köppen classification [26, 27] , are as follows: (1) Sydney: temperate-no dry season (hot summer); (2) Melbourne: temperate-no dry season (warm summer); Brisbane: subtropical (distinctly dry summer); Perth: temperate-moderately dry winter (hot summer); Cairns: tropical-rainforest (monsoonal); Darwin: tropical (savannah); Hobart: temperate-no dry season (mild summer); Alice Springs: grassland-hot (persistently dry); Adelaide: grassland-warm (persistently dry); and Canberra: temperate-no dry season (warm summer). • When the box size is too small (e.g., n = 1), the spatial correlations are high all across Australia (i.e., almost all grids have rainfall correlations exceeding 0.6).
Results for Australia-Wide Analysis
•
When the box size is too large (e.g., n = 42), the spatial correlations are generally low (i.e., only 0-30% of grids have rainfall correlations exceeding 0.6), except in the northern region (where about 30-70% of grids have correlations exceeding T = 0.6).
As expected, spatial rainfall correlation decreases as the box size increases (and vice versa) all across Australia. However, very clear changes are observed at/across certain box sizes, with "pockets of regions" having similar (or different) spatial correlations emerging; see, for instance, the changes in results for south and southeast Australia when n = 12 and for western Australia when n = 18 (when compared to those when n = 1). Similar observations are also made for the other three threshold values (0.5, 0.7, and 0.8), subject to appropriate changes (e.g., percentage of grids exceeding a particular threshold, "pockets of regions", and their areal extent). For instance, Figure 4 presents the results for T = 0.8, which is a much more stringent case when compared to T = 0.6. Similar observations are also made for the other three threshold values (0.5, 0.7, and 0.8), subject to appropriate changes (e.g., percentage of grids exceeding a particular threshold, "pockets of regions", and their areal extent). For instance, Figure 4 presents the results for T = 0.8, which is a much more stringent case when compared to T = 0.6. Hydrology 2019, 6, x FOR PEER REVIEW 8 of 14 
Results for Ten Major Cities
For each of the ten cities, Figure 5 presents the spatial rainfall correlation results (expressed as a percentage of grids exceeding a given threshold, PCi,n) for all the 23 box sizes (n, denoted by distance) and for all the four threshold levels (T) considered. The results generally indicate a decreasing PCi,n against increasing n for any T, with saturation (in most cases) after a certain n. However, the manner in which PCi,n decreases (e.g., trend and extent of change between successive n values) and the value of n at which it attains saturation are different for different thresholds for each city. In particular, the results for Perth, Cairns, and Darwin show significant differences in PCi,n with respect to T, and those for Alice Springs, Adelaide, and Brisbane show noticeable differences. These results indicate that different cities exhibit different spatial rainfall correlations and variability and, thus, may require different interpolation schemes. 
For each of the ten cities, Figure 5 presents the spatial rainfall correlation results (expressed as a percentage of grids exceeding a given threshold, PC i,n ) for all the 23 box sizes (n, denoted by distance) and for all the four threshold levels (T) considered. The results generally indicate a decreasing PC i,n against increasing n for any T, with saturation (in most cases) after a certain n. However, the manner in which PC i,n decreases (e.g., trend and extent of change between successive n values) and the value of n at which it attains saturation are different for different thresholds for each city. In particular, the results for Perth, Cairns, and Darwin show significant differences in PC i,n with respect to T, and those for Alice Springs, Adelaide, and Brisbane show noticeable differences. These results indicate that different cities exhibit different spatial rainfall correlations and variability and, thus, may require different interpolation schemes. The above observation raises concerns about the application of a specific interpolation scheme for rainfall over a large region or nationwide. Further, since correlation thresholds have important implications for rainfall interpolation (including whether or not interpolation is necessary or effective), the results for any of the ten cities provide important clues as to the "distance of observation" one may deem appropriate for rainfall estimation at a point or "distance of estimation" one can confidently make based on available data. All these observations clearly suggest that spatial rainfall variability must be considered in terms of rainfall correlations, spatial scale, and correlation thresholds in a combined manner.
For still better comparisons and interpretations of the results among the ten cities, Figure 6 presents the results in a slightly different way, i.e., spatial rainfall correlations for all cities for a given threshold. The plots reveal that spatial rainfall correlations generally decrease with increasing box size (distance) for any correlation threshold, as expected. However, significant differences exist among the cities and are summarized as follows.  Rainfall in Darwin and Cairns shows very significant correlations among grids for any threshold up to about 300 km or greater. Even in the most stringent case (T = 0.8), about 90-100% of grids have rainfall correlations exceeding the correlation threshold. It is relevant to note that these two cities have a tropical climate, with tropical savannah in Darwin and tropical rainforest (monsoonal) in Cairns.  Rainfall in Hobart and Sydney shows particularly low correlations among grids for any of the threshold levels, with Hobart showing the worst results. In the most stringent case (T = 0.8), the distance up to which 90-100% of grids exceed the correlation threshold is only about 100 km. Even in the most relaxed case, i.e., "average" threshold of 0.5, 90-100% of grids exceed the threshold only up to about 250 km, especially for Hobart. It is relevant to note that these two Figure 5 . Spatial rainfall correlations for ten cities in Australia. Each plot presents PC i,n for 23 box sizes for four threshold levels (T = 0.5, 0.6, 0.7, and 0.8) for the respective city.
The above observation raises concerns about the application of a specific interpolation scheme for rainfall over a large region or nationwide. Further, since correlation thresholds have important implications for rainfall interpolation (including whether or not interpolation is necessary or effective), the results for any of the ten cities provide important clues as to the "distance of observation" one may deem appropriate for rainfall estimation at a point or "distance of estimation" one can confidently make based on available data. All these observations clearly suggest that spatial rainfall variability must be considered in terms of rainfall correlations, spatial scale, and correlation thresholds in a combined manner.
For still better comparisons and interpretations of the results among the ten cities, Figure 6 presents the results in a slightly different way, i.e., spatial rainfall correlations for all cities for a given threshold. The plots reveal that spatial rainfall correlations generally decrease with increasing box size (distance) for any correlation threshold, as expected. However, significant differences exist among the cities and are summarized as follows.
•
Rainfall in Darwin and Cairns shows very significant correlations among grids for any threshold up to about 300 km or greater. Even in the most stringent case (T = 0.8), about 90-100% of grids have rainfall correlations exceeding the correlation threshold. It is relevant to note that these two cities have a tropical climate, with tropical savannah in Darwin and tropical rainforest (monsoonal) in Cairns.
•
Rainfall in Hobart and Sydney shows particularly low correlations among grids for any of the threshold levels, with Hobart showing the worst results. In the most stringent case (T = 0.8), the distance up to which 90-100% of grids exceed the correlation threshold is only about 100 km. Even in the most relaxed case, i.e., "average" threshold of 0. Figure 6 with the rainfall statistics (mean, standard deviation, and coefficient of variation-standard deviation/mean) in Figure 7 for the ten cities seems to suggest the possible inconsistencies and complications that may arise in interpreting the spatial rainfall correlation results and/or rainfall statistics; see, for instance, the results for Alice Springs and Adelaide. Therefore, proper care needs to be exercised in interpreting the spatial rainfall correlations and rainfall statistics, towards rainfall interpolation/extrapolation. We will examine these issues in more detail in a future study. Figure 6 with the rainfall statistics (mean, standard deviation, and coefficient of variation-standard deviation/mean) in Figure 7 for the ten cities seems to suggest the possible inconsistencies and complications that may arise in interpreting the spatial rainfall correlation results and/or rainfall statistics; see, for instance, the results for Alice Springs and Adelaide. Therefore, proper care needs to be exercised in interpreting the spatial rainfall correlations and rainfall statistics, towards rainfall interpolation/extrapolation. We will examine these issues in more detail in a future study. 
Study Implications and Further Research
The above spatial rainfall results for Australia and the ten major cities have important implications for a range of studies on rainfall and on water resources and the environment at large. At the most fundamental level, they are useful (1) to assess whether or not an(y) interpolation scheme(s) is necessary or effective for a given region; (2) to determine which interpolation scheme can be more effective for which region, and why; (3) to identify "critical" points or areas at which installing rain gauges will significantly help in rainfall estimation, including for interpolation; and (4) to "classify" regions in terms of spatial rainfall correlations, especially towards estimating rainfall in regions that have absolute scarcity of data or even no data.
For instance, considering all of Australia, rainfall dynamics in northern and northeastern Australia have far greater spatial correlations when compared to those in southern and southeastern Australia. This may imply that tropical climates generally have greater spatial rainfall correlations when compared to, for example, temperate, grassland, and desert climates, subject to other influencing factors (see below). This seems to suggest that rainfall interpolation schemes (if based on data available at a 0.25° × 0.25° resolution or greater) will not be particularly effective in southern and southeastern Australia when compared to in northern and northeastern regions. An important 
For instance, considering all of Australia, rainfall dynamics in northern and northeastern Australia have far greater spatial correlations when compared to those in southern and southeastern Australia. This may imply that tropical climates generally have greater spatial rainfall correlations when compared to, for example, temperate, grassland, and desert climates, subject to other influencing factors (see below). This seems to suggest that rainfall interpolation schemes (if based on data available at a 0.25 • × 0.25 • resolution or greater) will not be particularly effective in southern and southeastern Australia when compared to in northern and northeastern regions. An important implication of this may be that rain gauges need to be installed much closer together in the former areas when compared to the latter in order to obtain more reliable rainfall estimates, including using interpolation schemes.
In addition to climate type (e.g., tropical, temperate, grassland, desert), several other factors drive rainfall dynamics and, hence, dictate spatial rainfall correlations. These include topography (especially elevation), wind (direction and velocity), and proximity to the coast, among others. Studying whether, how, and to what extent these factors influence rainfall dynamics and spatial variability has been an important area of research for many years now; see [8, 42] . Although the present study does not delve into these factors, the results reveal the potential complications and inconsistencies in offering interpretations in one way or another. For instance, while it is known that coastal proximity plays a definite role in rainfall dynamics at a location, the differences (sometimes significant) in spatial correlations obtained for the coastal cities studied here (except Alice Springs and Canberra, all cities are along or just a few kilometers from the coast) reflect the difficulties in providing general interpretations on its role and specific details about its extent.
The results from the present study clearly highlight the need for a combined rainfall correlation-spatial scale-correlation threshold approach for studying rainfall spatial variability and interpolation more effectively and efficiently. The study addresses a very fundamental question on spatial rainfall correlations, i.e., to assess whether rainfall interpolation based on existing data (at other resolutions) will be effective before any interpolation scheme is employed. The Australia-wide analysis and the city-based analysis clearly bring out the general and specific benefits of the methodology presented here by providing useful information for the identification of "similar regions" or "clusters" of rainfall correlation (to help with studies on "ungauged" regions) and determination of the optimum (or effective) interpolation distance (to help with the assessment of rain gauge locations and density), among others. To this end, the results reported by complex networks-based studies for Australian rainfall [10, 22, 43] , which provide useful information about the dominant rain gauge stations/regions, can also play an important role. How the present approach and the complex networks-based approach can supplement and complement each other remains to be seen. Investigations in this direction are currently underway, details of which will be reported elsewhere.
